Purpose: Current diagnostic testing for genetic disorders involves serial use of specialized assays spanning multiple technologies. In principle, genome sequencing (GS) can detect all genomic pathogenic variant types on a single platform. Here we evaluate copy-number variant (CNV) calling as part of a clinically accredited GS test.
INTRODUCTION
Variation in DNA copy number is a well-described cause of human genetic disease. 1 Copy-number variants (CNVs) associated with human pathologies range from chromosomal aneuploidy, to microduplication and microdeletion syndromes, and include smaller structural variants (SVs) that affect single genes and exons. [1] [2] [3] [4] [5] Karyotype and microarray analyses have served as gold standards in molecular diagnostics for CNVs, but the increasing number and complexity of possible genomic changes requires testing that can simultaneously address the complete range of cytogenetic abnormalities and smaller SVs.
Genome sequencing (GS) can be used to detect almost all classes of alleles. It is sensitive and specific for singlenucleotide variants (SNVs) and indels [6] [7] [8] , and proof-ofprinciple studies have shown the ability to detect complex repeat expansions, 9 CNVs, 10, 11 and SVs. 12 Approaches have been developed to enable CNV detection as a component of gene panel or exome sequencing analyses, which have improved diagnostic yield. [13] [14] [15] Despite this success, such targeted approaches have technical limitations arising from nonuniform sequencing depth, polymerase chain reaction (PCR) artifacts, GC bias, and a high variance in allele fraction. [16] [17] [18] In contrast, GS sequencing depth is predictable and robust throughout the genome, [18] [19] [20] and modern PCRfree library preparations minimize the hazard of capture and PCR-based artifacts. This uniformity of signal enables samplespecific depth normalization that eliminates the need for batch processing. 10, 21 Furthermore, coverage of the noncoding genome allows for increased resolution to detect small CNVs, more accurate estimation of variant boundaries, and in many cases direct evidence for the underlying DNA rearrangement via observation of paired sequencing read alignments. 12, 22 Previous work has shown that GS-based CNV detection can be successfully employed to examine variation in gene dosage and its contribution to genetic diversity, 23 identify selective signatures of copy-number variation, 12 and to serve as a potential element of a diagnostic test. 24, 25 Here we describe the technical feasibility assessment and validation of a CNV calling pipeline implemented within an existing clinical genome sequencing (cGS) test. The results demonstrate favorable cGS performance compared with a microarray-based clinical diagnostic test, with a minimal increase in interpretation burden. A retrospective assessment of patients with rare, undiagnosed, and genetic disease (RUGD) profiled with CNV-enabled cGS reveals a wide range of mutations, and suggests that the use of GS as a unified testing platform for genetic disease is possible.
MATERIALS AND METHODS
Genome sequencing and CNV calling DNA samples from cells or patients (see below) were prepared using the Illumina TruSeq PCR-free kit and sequenced on a HiSeq X with paired-end 150-bp reads in the Illumina Clinical Services Laboratory (ICSL, Illumina, San Diego, CA). Data were mapped to the hg19 reference genome with the ISAAC aligner. 26 The resulting BAM files were analyzed with version 1.3.9 of the Canvas CNV caller 10 under its germline setting, with modifications to the default calling parameters as follows:
• The circular binary segmentation (CBS) segmentation algorithm was used as opposed to the Haar wavelet-based default in Canvas v1.3.9. This is specified as a parameter on the Canvas command line invocation.
• To limit fragmentation of large CNVs, candidate CNV calls of the same type (e.g., deletion) and copy-number state that were spaced by less than 100 kb were merged into a single call. When such a merge occurred, the magnitude of the gap between segments and any implications on variant interpretation were assessed during manual curation.
• To increase sensitivity in 10-50 kB range, support thresholds for candidate CNVs were dropped to 8 depth bins (a depth bin is defined as a sequence range with an expected 100 reads mapping) in contrast to the default 10 depth bins normally required.
• An automated b-allele-based ploidy correction step was omitted, to limit false negatives. Screening for presence of heterozygous variants in a candidate deletion occurred during manual curation and review.
• Within the CNV calling pipeline, the gray list of filtered regions supplied within Canvas was supplanted with a minimal list of chromosomal segments covering centromeres. The complete gray list was used for call filtering after the full call set is generated (see "CNV region annotation and filtering" below).
• Canvas quality scores were not used as a filter for candidate CNV events.
CNV truth set generation and sensitivity assessment
Twenty reference samples (Coriell, Camden, NJ) were chosen for validation (Table S1 ). Among these, 18 samples had known pathogenic CNVs representative of a large size range and inclusive of deletions and copy-number gains, and two samples were included as negative controls. Prior to sequencing and analysis, coordinates for this set of truth CNVs were compiled from descriptions on the Coriell website, reference publications, or previously conducted microarray-based CNV analyses 27 ( Table S1 ). Note that while all cell lines contain pathogenic CNVs, which established the baseline for our sensitivity analysis, we also examined all other CNVs detected in these samples by either microarray or cGS (see Results).
DNA samples were procured from Coriell and libraries were processed through our standard sequencing and bioinformatics pipeline. In parallel, samples were assessed by an external clinical microarray lab (CombiMatrix Diagnostics, Irvine, CA), which included profiling on an Illumina 850k feature single-nucleotide polymorphism (SNP) array followed by automated CNV calling and manual curation by trained cytogeneticists. One sample failed microarray quality To assess false positive rate, the 17 Coriell cell lines were also profiled on Illumina Infinium Omni 2.5 arrays within the Illumina Clinical Services Laboratory. For each array, raw data were processed within the Illumina GenomeStudio genotyping module and median adjusted logR values were used in downstream analysis. Due to the batch normalization protocol and array resolution limits, we only considered autosomal CNVs detected in a single sample that spanned at least four probes in the array. CNV calls were assessed for array-based confirmation by comparing the median probe depth in the candidate region against a size-matched background on chromosome 1 and an empirical P value was calculated. For labeling of putative mosaic CNVs, predicted coverage thresholds of 1.75X and 2.25X were used for gains and losses, respectively.
In addition to microarray confirmation, we also compared cGS-based CNV calls with an external call set derived from a combination of Pacific Biosciences (PacBio) and BioNano DNA data 28 made on reference genome NA12878. A CNV call was considered validated if there was at least 75% overlap with reference call boundaries. Calls with partial overlap were manually curated to assess possible false positive or partially called reference CNVs resulting in a low overlap (see Supplemental Note). CNVs that were not called in the PacBio + BioNano data set were manually reviewed for the presence of discordant sequencing reads spanning the boundaries of a deletion or copy-number gain, and the presence of hemizygous and homozygous deletions with similar breakpoints in an independent set of samples from population controls (n = 3000).
Assessment of reproducibility
Sixteen Coriell samples were run on two sequencing lanes each to assess the reproducibility of the cGS/Canvas calling pipeline. To assess reproducibility across distinct sequencing runs, DNA extracted from the 1000 Genomes sample NA12877 was sequenced three times on different days by different sequencing technicians.
Clinical cohort inclusion criteria CNV calling and interpretation was deployed as part of the TruGenome Undiagnosed Disease test for patients assessed on or after 2 June 2016. At the time of manuscript preparation, 79 patients had consented for testing with CNV calling included. Patients had a wide range of clinical phenotypes, as well as previous testing ranging from no prior molecular investigations to panels and exome sequencing. The age at the time of testing ranged from 1 to 20 years of age.
For this retrospective study, analysis was conducted on deidentified information under protocol exemption from the Western Institutional Review Board.
CNV region annotation and filtering
All CNV calls were processed through a series of automated filtering steps to reduce false positives and limit downstream CNV curation to those likely to have medical relevance. CNVs were annotated with overlapping or nearby (<5 kb away) genes using RefSeq gene definitions. The heuristic cutoff of 5 kb was chosen to account for uncertainty in call boundaries as well as include promoter regions without increasing the number of calls passing through to interpretation. Calls with no gene proximal annotation were removed. In addition Canvas provides a set of gray list regions that contains problematic genomic segments as well as common CNVs. After calls were generated, CNVs having greater than 50% of their range spanned by gray list regions were removed.
Population frequency annotation and filtering CNV population frequency was estimated using an internal database 3000 samples sequenced in ICSL. These samples were matched to the clinical pipeline sequencing chemistry (PCR-free 2× 150-bpgenome sequencing) and bioinformatic data processing (ISAAC aligner). Additionally, sequencing coverage was normalized to match our clinical implementation of the Canvas CNV caller. To allow for efficient storage and recovery of data across many samples, binned sequencing depth data (an intermediate output of Canvas) was mapped to a fixed 300-bp uniform coordinate system. Due to uncertainty in the boundaries of many CNV calls, a heuristic calculation of CNV population frequency was implemented that includes (1) interrogation of the aggregate sequencing depth data across 3000 genomes for the genomic interval defined by the CNV boundaries, (2) mean depth calculation for each sample, and (3) assessment of the fraction of the population with depth consistent with the proband GAIN or LOSS status. Note that for events on a sex chromosome, only samples with the same gender from the population are queried.
For each clinical case CNVs with a population frequency higher than 10% (~5% allele frequency) are removed from the interpretation call set.
Interrogation of CNVs indicative of large structural rearrangements
Sequencing reads adjacent to CNVs can provide evidence of complex chromosomal rearrangements. For CNVs indicative of large SVs-including terminal chromosomal deletions, large tandem duplications, and breaks spanning nonhomologous chromosomes-the Manta SV caller 29 (version 0.29.3) was employed. This enabled breakpoint linkage across multiple CNVs, and provided evidence of the insertion of duplicated sequence. Reassembled breakpoints were visualized by realignment of sequencing reads using the SVViz program. 30 
CNV phasing
Where possible, phasing was assessed by genotyping parental haplotypes using depth information, or using inheritance patterns of small variants when no evidence of a depth change is present in a parent (e.g., de novo CNVs or duo cases where there is no evidence of a CNV in the sequenced parent). The de novo CNV phasing algorithm first constructs prior state probabilities given the genotypes of the parents and the known copy number of the proband. Given the prior probabilities of each transition, the model likelihood is computed for all possible inheritance assumptions.
For example, at a haploid (copy number 1) site where the mother is heterozygous (0/1) and the father is homozygous reference (0/0) for a given SNV:
• under the assumption that the CNV is inherited from the father, the probability of a REF or haploid SNV call in the proband are both 50%;
• under the assumption that the CNV is inherited from the mother, the probability of a REF or haploid SNV call in the proband are 100% and 0% respectively.
Probabilities for all inherence assumptions are calculated across all SNVs within the target region, and the most likely inheritance model is selected. For details of inheritance models and examples, see Supplemental Note.
Visualization of genome-wide depth and B-allele frequency
The depth profile output of the Canvas CNV calling pipeline is visualized for across each chromosome as a "digital karyogram" (e.g., see case P17 below). This serves DNA extraction uniformity quality control metric and cGS data quality, and enables rapid identification of large chromosomal events such as large duplications and deletions, trisomies, and other aneuploidies and uniparental (iso)disomy. To visualize coverage, normalized depth data is filtered against a set of positions known to be variable in population samples, grouped into 100-kb genomic segments, and the depth distribution within each group is visualized to create a heatmap. For b-allele frequency, a similar protocol is followed using larger 500-kb bins and visualized separately.
RESULTS

GS CNV calling performance
An assessment of 17 reference samples with reported pathogenic CNVs (Table S1 ) demonstrated that cGS had greater sensitivity to detect known CNVs compared with microarrays (86% vs. 64%, McNemar's test P < 0.01, Methods, Table 1, Table S2 ) with the greatest difference in smaller (<50 kb) events ( Table 1) . For the five truth set CNVs not recovered by cGS, manual inspection of sequencing and genotyping arrays did not support a CNV in these regions (Methods, Supplemental Note).
To assess the cGS false positive rate, 80 deletions and 58 copy-number gains across the 17 Coriell samples were assessed for support in corresponding Illumina Infinium Omni 2.5 microarray data (Methods, Figure S1 ). For 77/80 (96%) of deletions the median array probe signal intensity fell below the expected value for a diploid CNV call, and 36/58 (62%) of gains showed above average signal intensity (empirical P < 0.01 for all calls, based on size-matched distribution of background probes). The majority of unconfirmed CNVs had depth indicative of a putative mosaic copynumber variants (3/3 deletions and 19/22 gains; see Methods and Figure S1 ).
To further assess sensitivity, comparisons were made against a reference set of CNVs for NA12878 from Haraksingh et al. 31 In this work, 17 available array designs were systematically compared using NA12878. Using these call sets, cGS recovered 126/227 (56%) of all reference CNVs (n = 227, size 10 kb+, 50% overlap threshold), which was higher than any array design. Furthermore, cGS recovered 93% of reference CNVs called on at least two different array technologies.
To assess specificity, we compared the 93 deletions called by cGS with Canvas in NA12878 with a data set derived from two alternative DNA sequencing technologies (PacBio and BioNano, see Methods), 28 which confirmed 48/93 deletions. Among the remaining calls, nine were supported by the presence of discordant sequencing reads or evidence of Mendelian inheritance across a population of samples, leaving 39% (36/93) unvalidated by alternative sequencing technology. We suspect that this set of unvalidated calls includes both false positives and well as suspected true calls without external support.
To assess reproducibility, the CNV reference panel was sequenced across two sequencing lanes each, with 86% (2696/ 3135) of CNVs called on the first lane recovered in the second using a 75% overlap threshold. Additionally, DNA extracted from NA12877 was sequenced three times on different days by different technicians. Using the first run as a reference, 87% and 86% percent of calls (n = 187, 75% overlap threshold) were replicated on the second and third runs, with 82% replicating across both trials (odds-ratio 3, P < 10 −10 ). We found that the majority of nonreproduced CNVs and putative false positives could be addressed with minimal heuristic filters. Specifically, removal of CNVs in regions with variable data quality, elimination of CNVs commonly seen in a background population (10% frequency cutoff, n = 3000 genomes, see Methods, Figures S2-S3) , and scrutiny of putative mosaics (read depth suggesting a noninteger copy number) improved CNV data quality and reduced our interpretation burden. For an average case these steps removed~90% of CNVs yielding an average of 10 CNVs for interpretation, with one additional CNV removed by manual review. Given these findings, these heuristics were deployed as a component of the cGS pipeline.
Retrospective case analysis
Seventy-nine clinical cases were processed through the validated cGS CNV pipeline between 2 June 2016 and 19 April 2017 and subjected to automated quality control, filtering, annotation, and visualization ( Figures S2-S4 , Methods). Passing variants were manually assessed for quality ( Figure S4 ) and interpreted using in-depth literature curation protocol and in accordance with the American College of Medical Genetics and Genomics (ACMG) guidelines for variant classification 32, 33 (Methods, Figure S3a-d) . Clinically relevant losses or gains greater than 10 kb were reported, although the clinical test definition made limited claims of sensitivity in the 10-20 kb size range due to the limited availability of truth data in this range. On average, we reported three benign, three variant of uncertain significance (VUS)-likely benign, and four VUS CNVs per case ( Figure S3e-g ). In 15% (11/79) of cases, we reported variants with pathogenic or uncertain significance-likely pathogenic classifications across a diverse set of patient phenotypes ( Table 2 ). All reported variants were confirmed by external orthogonal testing or Illumina Infinium Omni 2.5 microarrays run within the clinical lab (Supplemental Note).
We found that the combination of depth-based CNV calling and the utilization of discordant read-pair information can enable deconvolution of complex rearrangements. In one example, family-based CNV analysis of case P1 identified a 55-kb de novo deletion of the first three exons of ZC4H2 on the paternal X chromosome (Fig. 1) , consistent with Wieacker-Wolff syndrome ( Table 2) . CNV boundary analysis (Methods) identified evidence for a tandem duplication in the proband's father, sharing a breakpoint with the deletion in the proband (Fig. 1b) , while read depth information from the father showed a copy-number gain directly upstream of the de novo deletion in the proband (Fig. 1a) . Taken together these data likely indicate a multistage repair mechanism contributing to the copy-number loss in the proband.
Similarly, case P11 harbored multiple CNVs indicative of a large chromosomal disruption event 34 including 15.5-MB and 2.5-MB deletions on 6q along with a 2-MB copy-number gain on 11p ( Figure S5a , Table 2 ). Inspection of SVs near these events supported the presence of simple deletions as opposed to more complex events such as translocations or inversions ( Figure S5b) ; however, such complex SVs cannot be definitively ruled out. In contrast, SVs near both boundaries of the 11p gain indicated nonhomologous chromosome junctions, providing evidence of an insertion of this duplicated DNA segment into 17q21.3 ( Figure S5c ). CNV analysis of case P7 ( Table 2 ) identified a 7-MB de novo terminal duplication on 16q and a 3-MB de novo terminal deletion on 2p (Fig. 2a, b) . Analysis of variant allele frequencies overlapping these two CNVs phased both alterations to the paternal chromosome (Fig. 2c, d , Methods, Supplemental Note). Subsequent analysis of sequencing reads provided evidence for a balanced translocation in the father as well as the unaffected sister, while the proband had support for an unbalanced translocation (Fig. 2e, Figure S6 , Methods).
In case P6 we observed a similar unbalanced translocation with a nonhomologous break-end linking the centromeric breakpoints of the two large terminal CNVs. Further inspection of copy-number depth as well as variant allele frequencies indicated that the CNVs were likely mosaic in the blood, with both events having similar estimated purity of 60-64% ( Figure S7 ), which was independently confirmed at 63% by clinical microarray. Taken together these events suggest the presence of a mosaic unbalanced translocation in the affected proband, a rare event that has been previously noted, but for which the mechanism of formation is still unclear. 35 In case P12, CNV analysis identified a 23-kb de novo deletion 4.5 kb upstream of MEG3 completely overlapping the IG-DMR region of 14q32.2 previously implicated in Kagami-Ogata syndrome 36 (Fig. 3) . Further analysis indicated that the CNV was likely mosaic, present in about 50% of cells, and that the deletion phased to the maternal allele, consistent with the paternal imprinting mechanism of The orange box represents the Canvas CNV call boundaries, the green box represents breakpoint assembled coordinates of the deletion from the Manta SV caller, the black lines represent subjects from Kagami et al. 36 with deletions in this region, the blue box represents the gene boundaries of the imprinted gene MEG3. e Average depth across the region of the CNV call for samples across an internal reference population; depth for the proband is indicated with a horizontal dashed line. f Variant allele frequency for the SNVs within the deleted region. CNV copy-number variant, SNV single-nucleotide variant, SV structural variant.
Kagami-Ogata 36 ( Fig. 3e, f) . In this case, the mosaic deletion passed standard CNV analysis and was annotated as mosaic during manual curation. In contrast, in case P17, we identified a mosaic trisomy of chromosome 14 via a genome-wide visualization ( Figure S8 , Methods). While this mosaic variant was identified outside of our clinically validated pipeline, the variant was sent out for external clinical microarray testing, which confirmed the CNV and estimated its purity at 51%, compared with 47% as estimated by cGS.
DISCUSSION
Here we report the development and deployment of CNV detection as a component of a clinical genome sequencing test for patients with a suspected genetic disease. Overall, we found that cGS CNV detection is at least as sensitive as microarrays ( Table 1 , Supplemental Note), with one analysis indicating that cGS is more sensitive than any one of 17 microarray platforms recently assessed. 31 Our data indicate that the likelihood of false positives is low, but to address the possibility that favoring sensitivity has increased our false positive detection rate, we developed a stringent filtering and curation protocol (Methods, Figure S2-4) . This relies on our ability to annotate population frequency across a set of more than 3000 PCR-free genomes ( Figure S3d ), and to visualize the CNV to assess the underlying data quality ( Figure S4) . Additionally, and consistent with current microarray practices, we also employ external databases of benign and pathogenic CNVs, 37, 38 internal aggregate data, and previously curated variants to assess the analytical validity of a call and provide a variant classification. 32 The CNV calling and curation methods described here do not rely on bulk data processing or analysis (i.e., batching of samples), allowing for ingestion and interpretation of one family at a time. Furthermore, these methods are suited to exploit future increases in sequencing coverage that will result in an increase in resolution to call small CNVs, allowing for test improvement with minimal modifications to the sample preparation or bioinformatic pipelines.
A retrospective analysis of the first 79 cases assessed with cGS CNV calling revealed that 15% had clinically significant CNV findings. This included variants that spanned from 23 kb to trisomies and unbalanced translocation events that were disambiguated using anomalous short-read support and interrogation of small variant phasing. We note that this cohort represents a sampling of families from diverse geographic and socioeconomic backgrounds, some of whom had unclear or undocumented prior genetic testing. Future randomized control trials will be best placed to make systematic assessments of cGS performance compared with standard of care, but this study has nonetheless demonstrated that the addition of CNV calling to a currently deployed small variant calling pipeline is likely to improve diagnostic efficacy in a pediatric genetic disease population.
Indeed, in families with previous genetic testing, cGS may still identify new variants and provide a diagnosis. For example, in the case of a child (P14, Table 2 ) who had a previous negative clinical exome, cGS was able to identify a pathogenic 1.7-MB deletion indicative of 16p13.11 microdeletion syndrome. In subject P16 ( Table 2) we observed trisomy 21 in the subject consistent with a preexisting Down syndrome diagnosis, but were also able to identify a likely pathogenic SNV within the ACTA1 gene conferring the additional diagnosis of an inherited nemaline myopathy. Finally in P12, we observed a 26-kb deletion in noncoding region upstream of a long noncoding RNA (MEG3), which may not have been observed by some commercial microarrays or by exome sequencing.
As sequencing costs continue to decrease, the use of a genome diagnostic as a first-line test may become more likely -especially if additional test elements can be implemented that replicate, or improve upon, the current molecular test repertoire. In addition to the CNV calling described here, future improvements are likely to include the detection of small copy-number variants between 50 bp and 10 kb and the systematic detection of mosaic CNVs, especially for large copy-number variants where cGS has sufficient data to detect low purity alterations. 39 We further anticipate that the employment of specialized variant callers will allow for the disambiguation of complex variant types, including those associated with spinal muscular atrophy 40 and repeat expansions. 9 Overall, the data presented here indicate that CNV calling from cGS is robust and can benefit patients with a suspected genetic disease. Further algorithmic improvements, and the availability of large PCR-free genome reference sets, are likely to further increase both the sensitivity and the specificity of the assay and improve its diagnostic efficacy.
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